Abstract: This paper proposes an approach for setting parameters of the control of balance by card-based navigation (Cobacabana). On the one hand, a commercial software ARENA was used in a simulation phase. On the other hand, Antcoba was utilised in an optimisation phase. The main objective of the paper is to apply a hybrid optimal algorithm as simulation optimisation for obtaining model parameters. Numerical data using real data from a case study was used for evaluating the proposed algorithm. The experiment shows that the algorithm is efficient and satisfies.
Introduction
Workload control (WLC) is a comprehensive production control concept designed for turbulent manufacturing system, such as make-to-order (MTO) environment. This concept buffers the shop floor against the dynamics of arriving orders by using input/output mechanism control. An overview of WLC emerges with three components as job entry stage, job release stage, and priority dispatching stage, respectively (Kingsman et al., 1989) . Land (2009) filled the gap in card-based system by elaborating the control of balance by card-based navigation (Cobacabana) from WLC. This tool is used as one of an enhanced lean kit for MTO company (Wanitwattanakosol and Sopadang, 2012) .
Cobacabana employs key factor parameters which comprise workload norms, planned station throughput times, time limits, and release period lengths (Land, 2006) . The impact of parameters was also investigated in order to improve the basis for setting all parameters. However, it is always very difficult to find optimal value parameters for Cobacabana system. Cobacabana is a dynamical system, hence it has to invest a number of time, money, scale etc for measuring valued parameters directly from the problem (Abbaspour et al., 2001) . Therefore, simulation optimisation has been a promising technique for dealing with a dynamically complex problem. An objective of simulation optimisation is to minimise the resources spent whilst maximising the information from a simulation experiment (Carson and Maria, 1997) .
This paper aims to apply a hybrid optimal algorithm as simulation optimisation for obtaining model parameters. This paper is organised as follows. In Section 2, a literature review is briefly afforded. Section 3 describes a proposed methodology. Numerical experiments are stated in Section 4. Section 5 gives results and discussion. Research limitation is addressed in Section 6. Finally, Section 7 provides conclusions and perspectives for future research.
Literature review
There are some theoretical considerations that are applied for this research. Thus, this section is separated into three parts. An overview of WLC is presented in a first part. Next, Cobacabana is described in details before applying in a case study. Finally, an ant system (AS) theory is applied for this research in term of an optimisation part.
Workload control
WLC is originated on principles of input and output control (Land and Gaalman, 1996b) . While input control regulates the allowable jobs to the next level, acceptance jobs for entering into the pool, releasing jobs to shop floor and dispatching jobs for processing. The control of workload through the outward flow regulation is specified by medium term, short term and daily capacity management. In addition, due date assignment or due date acceptance is also considered at order entry level (Park and Bobrowski, 1989) . The WLC concept is typically the control of the work in process (WIP) from means of order release. For a more extensive and formal description, we refer to Henrich et al. (2004) . Figure 1 displays a hierarchical WLC concept.
The released workload for a workstation can be separated into a direct part and an indirect or upstream part. WLC concepts aim to maintain the direct load at a ground and steady level. However, only jobs are released directly to the next workstation. Other jobs' workloads arrive from the other workstations after their upstream processes have been completed. Oosterman et al. (2000) summarised different proposed approaches which all aim at keeping the direct load at a low and stable level as shown in Figure 2 . All concepts try to make the release decision periodically and focus on the remaining workload at the end of the forthcoming release period. The remaining workload of a station at the end of the release period among with the output during this period is subjected to a norm value (Land and Gaalman, 1996a) . At the beginning of the period, qualified jobs are released that the workload circumstances at the end of the release period must satisfy the norms. 
Cobacabana
Cobacabana adopts the philosophy underlying WLC which is based on creating predictable and short throughput times for each critical workstation. This card-based system uses the ratio between the considered workstation throughput time of and the upto-station throughput time. This upstream throughput time consists of the summed throughput times of all stations at the station considered added with the station itself. Whilst throughput times are properly controlled, the station throughput times can be estimation by their planned values. Thus, Cobacabana focuses to simplify workload norms as calculate by
where p js is the processing time of job j at station s, J the set of all existing jobs, O the maximum output of station s during the planned station throughput time. The maximum output is a fraction of the station's capacity as 100% utilisation can not be realised.
Cobacabana encompasses with two decision phases which comprise of the order acceptance and order release decisions, respectively. In the first phase, a planner uses card loops to release jobs to all workstations in a shop floor. Each card indicated a contribution as in equation 2.2 to a planned station through time.
where C js is an amount of each job contribution. A duty of the planner is aided by a display which gives a quick overview of the shop floor status. Additionally, momentary bottlenecks can be clearly identified, which is a critical decision point in a job shop environment. A minimum delivery time for an order can be calculated by
where min j d is a minimal delivery time;
*P j T an estimated waiting time in the order pool.
Because Cobacabana preserves station throughput times at a steady level, the rest variable is the waiting time in the order pool. The sales division can approximate wait times from the order requirements already waiting in the display. Each accepted order requires a number of acceptance card A js as
A 'first in first out' (FIFO) principle of accepted orders is assumed when applying WLC.
In case of rush orders, a reserving certain percentage of rush orders is organised. A corresponding percentage of rush orders can be added without the use of pool waiting time.
Ant system
An optimisation algorithm inspired by ants foraging behaviour was introduced by Dorigo (Schlueter et al., 2009) . AS has been a promising heuristic from its generality and its effectiveness in finding good solutions of a classical optimisation problem (Dorigo et al., 1996) . The two main stages of the AS algorithm compose the tour construction and the pheromone trails update. In AS, m artificial ants concurrently construct a tour of the combinatorial optimisation problem. Firstly, ants are put on randomly selected points. Then, ant k utilises a probabilistic action choice rule to decide which point to move next. The probability with which ant k, currently at point i, chooses to go to point j is
where η ij = 1 / d ij is a heuristic value that is available a priori, two parameters are α and β which determine the relative influence of the pheromone trail and the heuristic information, respectively.
N is the feasible neighbourhood of ant k when being at point i. By this probabilistic rule, the probability of assorting a particular arc (i, j) increases with the value of the associated pheromone trail τ ij and of the heuristic information value η ij .
The parameters α and β play a significant role as follows. If α = 0, the closest points are more likely to be elected by corresponding to a classic stochastic greedy algorithm. If α > 1, it leads to a swift emergence of a stagnation situation, which all the ants follow the same pathway and built the same tour. If β = 0, only pheromone amplification is used without any heuristic bias. This generally induces to rather poor results (Dorigo and Stuetzle, 2004) .
Once all ants' tours have been constructed, the pheromone trails are concurrently updated. On the one hand, the pheromone values are lowering on all arcs by a constant factor. On the other hand, the ants are adding pheromone on the arcs where have been crossed in their tours. Pheromone evaporation is employed by
where 0 < ρ ≤ 1 is the pheromone evaporation rate. The parameter ρ is executed to avoid unlimited the pheromone trails gathering and it permits the algorithm to forget bad results. If a pathway is not chosen by the ants, its pheromone value exponentially declines in the number of replications. After the evaporation step, all ants drop pheromone on the paths where they have travelled in their tour.
where k ij τ Δ is the amount of pheromone ant k lays on the paths where it has visited. It is defined as follows:
1 , if arc( , ) belongs to 0, otherwise
where C k is computed from the distance of tour T k built by the k th ant. Generally short path tours, are used by many ants, are received more pheromone and are also more likely to be preferred for future ants.
Methodology
The key factors for making a decision about order release in Cobacabana were comprised of workload norms and release period lengths. This research employs the ACO algorithm to deal with a model parameter identification issue for minimising an objective function as 1 ( )
where g is the objective function, φ is the vector of input parameters, n is a number of jobs, T is the floor time, d is the constraint function δ i is the due date, γ i is the tardy delivery date, and ϑ i is the early delivery date.
Beside, we have to add a case study constraint that the delivery reliability has to greater than or equal to 67.57% as
When applying ACO to combinatorial optimisation problems, a first step is to define the construction graph. Nevertheless, it is no explicit path in this problem. Thus, a discretisation of a search space was applied to build up a path and a route for solving this problem. The objective of ACO is to find the state of the interval 2 2 ,
parameter c into a number, s i , of strata. Then there will be S = s 1 s 2 ,…s b permutations or feasible pathways through the space of input parameters. Let φ ij (i = 1…,b and j = 1,…,m) be the stratum j of parameter φ i in the search space.
The discretisation scheme of this research is depicted in Figure 3 for two parameters (workload norms and release period lengths), with each parameter period [ ]
divided into ten strata. There are no hard rules for selecting the parameter stratification, except that primarily they should uniformly enclose the complete parameter space. Abbaspour et al. (2001) suggested that a number of random subset ≥ 0.1S generally leads to optimum solutions. Hence, each ant must trail only one path as the constraint of ACO. A path-structure list was shown also in Figure 3 . Next, the simulation commercial software ARENA was run with all parameters values at ten replications for forming outputs of lead time and delivery reliability. These prepared values were used for building paths in the path list for an Antcoba algorithm, which was elaborated by MATLAB ® 7.12.0.635 (R2011a). The complete algorithm is exhibited as below.
Algorithm 1 Antcoba
Step 1 Form an initial pheromone trails by set τ ij = 1 × 10 -4 and set all parameters.
Step 2 Place m ants to the complete parameter space.
Step 3 Generate construction steps. Each ant k choose a probabilistic action choice rule to decide which stratum to visit next as equation 2.5
Step 4 Update pheromones after all ants have constructed their path by applying equations from 2.6 to 2.8, respectively.
After that, Antcoba sends optimum parameter values to the ARENA. The ARENA was run with obtained parameters values at three hundred replications for forming outputs of lead time and delivery reliability. The scheme in Figure 4 displays a hybrid algorithm which optimisation and simulation interchange. Each decision suggested by the optimiser and the simulator collect information through database linkage operation on the performance of that decision. This hybrid algorithm repeats several times until a stopping rule is satisfied. The stopping rule of this research is the value of the objective function that is no more changes in consecutive iterations.
Figure 4
The hybrid algorithm scheme (see online version for colours)
Numerical experiment
To investigate the performance of the proposed procedure, we conducted numerical experiments by using a data set from a case study as an actual manufacturer of precision tools engineering problem. In simulation paradigm, selected six product types are produced on difference eight machines with variable processing times and routing variety. Each product is operated from three to five workstations. Processing times of each product, due date allowance and order quantities are obtained from company's historical data record. All statistical distributions are analysed by goodness of fit tests (the Komogorov-Smirnov test or the chi-square test). The basic simulation model characteristic is listed in Table 1 . In optimisation paradigm, AS algorithm implements with many parameters which are resulted in either good or bad algorithm performance as described in Section 2. Then, setting good parameters is the most promising part to make the ACO algorithm work efficiently. After running Antcoba by performing the AS' parameters with small-scale data, we eventually establish the significant parameters and other two initial data points as given in Table 2 . An incorrect initial dataset may make the algorithm not to be convergent. Search ability and convergence play an important role as suggested from the AS' pioneer. We found that our algorithm provides quite good results with the dataset in Table 1 with our parametric setting. 
Result and discussion
This research was performed on a computer with an Intel® Core™2 Duo CPU P8700 running at 2.53 GHz with 4 GB of RAM. First of all, a simulation experiment consisted of 10 independent replications. Each replication was terminated after a run of 172,800 time unit. The simulated results are prepared for Antcoba algorithm to find Cobacabana parameters. The detailed results of lead time and delivery reliability are listed in Table 3 and Table 4 , respectively. A programme based on Antcoba is executed for finding feasible parameters. In a first iteration, the algorithm generates the pathway as workload ratio equals 1.5 and release period length equals 4.5. The simulation report of these parametric values also induces a column called 'half width'. This statistic is included to determine the reliability of the simulated results. However, the half width represents 5.03 days or a 22.73% error in the point estimate 22.1304 days. We would like to achieve a specific half width smaller than one day. Thus, we should adjust a total of replication instead of ten replications to From the terminate condition, the best value obtained by the hybrid algorithm is 29.226 days for lead time and 68.65% delivery reliability with parametric setting as workload ratio equals 2 and release period length equals 2. Figure 5 depicts average of objective value and optimum objective value by Antcoba before applying with three hundred replications of simulated model. Table 4 The ten replication simulation results for delivery reliability 
Research limitations
A number of companies in MTO sector are still not fully competitive, their production and management structures are weak. This research has attempted to fill the gap in production planning and control by proposing a parameterised Cobacabana. However, this research especially focuses on delivery reliability improvement. It should be also measured other performance indicators such as cost of production, labour quality, along with quality assessment. Another limitation of this research is that the empirical result was generated from ACO, it should be better to compare with the best known and most widely applied metaheuristic, simulated annealing, genetic algorithm, neural network, and etc.
Conclusions
This study aimed to apply a hybrid optimal algorithm for obtaining model parameters of Cobacabana. This research employs the ACO algorithm for dealing with a model parameter identification issue. Unlike when solving the classical combinatorial problem as travelling salesman problem. There is no explicit path which is required to lay the pheromone down. Accordingly, a discretisation of a search space was applied to build up a path and a route for solving this problem. Next, the simulation commercial software ARENA was run with all parameters values at ten replications. These prepared values were used to construct paths for an Antcoba algorithm. Finally, Antcoba sends optimum parameter values to the ARENA. The ARENA was run with obtained parameters values at three hundred replications for forming outputs of lead time and delivery reliability.
On the basis of a case study, it was shown that Cobacabana can improve shop floor control by using appropriate parameter settings. The best value obtained by the hybrid algorithm is 29.226 days for lead time and 68.65% delivery reliability with parametric setting as workload ratio equals 2 and release period length equals 2. A card-based-control system as Cobacabana has to set proper parameter values.
A practical implication of this research is that the planner can release production schedules and support a sales department to estimate realistic delivery times. For future research, different heuristics should be applied for competing results with AS.
